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GETTING TO THE ROOTS OF LONG-TERM CARE NEEDS: A 
















This paper investigates the effects of individual and environmental determinants on physical and 
cognitive impairment of Europeans aged 50 and older using data drawn from the Survey of Health 
Aging and Retirement in Europe (SHARE). The aim is to understand the different paths that need-
related determinants of long-term care might take across individuals. As dependent variables, we 
consider several measures of physical and cognitive disability which are regressed on a list of 
covariates which includes biological, health, behavioural, socio-demographic and early-life 
conditions of individuals. We adopt a methodology that combines the structure of random effects 
models for longitudinal data with the flexibility of a tree regression method. We show the existence 
of clusters in the main determinants of functional decline (physical and cognitive). Our findings are 
in line with the existing literature, but, at the same time, we further characterize previous evidence: 
1) cognitive impairment, measured by the results of a memory test, strongly depends on educational 
attainments, age and respondents’ country of residence; 2) physical impairment, measured through 
the loss of handgrip strength, basic and instrumental activities of daily living (ADLs, IADLs) and 
mobility, strongly depends on health and behavioural factors.  
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According to most analyses and projections, an aging population will have a strong upward impact 
on demand and public spending for long-term care (LTC) (Mot et al., 2012; European Commission, 
2012). Therefore, to predict and influence future trends in the demand of LTC, we need knowledge 
about the determinants of frailty and LTC needs among the elderly. 
How do socioeconomic and health factors interact to determine the need of long-term care (LTC)? 
Are individual determinants more (or less) important than environmental characteristics in 
predicting LTC needs? By using a data-driven approach, this study aims at understanding the 
different paths that need-related determinants of LTC such as physical and cognitive impairment 
might take across individuals.  
As explanatory framework, we consider a particular adaptation of the Andersen-Newman 
behavioural model (Andersen and Newman, 1973; Andersen, 1995).
1
 Figure 1 shows the model we 
use to identify the main predictors of LTC utilization. Environmental (societal and institutional) 
determinants of LTC utilization are shown to affect the individual determinants. Two types of 
individual determinants (predisposing and enabling characteristics) then influence functional 
decline (physical and/or cognitive impairment) and the potential need of LTC.
 
In the adaptation of 
the Andersen-Newman model reported in Figure 1, predisposing variables reflect the individual’s 
propensity towards use of LTC services and pertain to socio-demographic (e.g. education, marital 
status), biological (age, sex, body mass index – BMI), health status, early-life, lifestyles conditions 
and belief characteristics (e.g. values concerning health and illnesses measurable in consequence 
such as smoking behaviour, alcohol consumption, or body mass index) while enabling factors are 
those that support or impede use of LTC services (e.g. income, type of health insurance, availability 
of formal and informal care). 
 
 
[INSERT FIGURE 1 HERE] 
 
 
Many empirical studies have found a socio-economic gradient in health and functional decline. For 
example, a large body of the literature suggests a negative correlation between individual’s 
education level (a predisposing variable) or income level (an enabling variable) and physical and 
cognitive limitations (e.g., Avendano et al., 2005; Dewey and Prince, 2005; Kok et al., 2008). These 
results may be an effect of reduced incidence of chronic diseases and functional limitations due to 
healthy lifestyles and social involvement more concentrated among higher socio-economic status 
people (Avendano et al., 2005; Hairy et al., 2008; Mazzonna and Peracchi, 2013; Abuladze and 
Sakkeus, 2013). Moreover, both individual enabling variables (e.g., the availability of informal care 
at the household level) and institutional/environmental variables (e.g., the organization and funding 
of LTC systems) have a strong impact on both physical and cognitive decline (the LTC need related 
                                                             
1
 The Andersen-Newman model which has been discussed and continuously refined over the years assumes that 
individuals’ use of health care services is a function of their predisposition to use services (predisposing factors), factors 
that support or impede use (enabling factors), as well as their need for health care (illness level). The model has been 
also applied to the analysis of health care demand by the elderly (e.g., Heider et al., 2014) and to investigate on the 
determinants of LTC use (eg. Bakx, 2010; Lou et al., 2011; Wu et al., 2014). 
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determinants). Under this respect, European countries are characterised by quite different models of 
LTC, ranging from countries with a strong public support to both formal and informal care (the 
Netherlands and Scandinavian countries) to countries where accessibility to formal services and 
government’s support to informal family carers are rather scanty (Eastern European countries such 
as Poland and Czech Republic) (Kraus et al., 2010; Colombo et al., 2011; Colombo, 2012; Lipszyc 
et al., 2012; OECD, 2013).  
This paper aims at analysing a part of the whole model represented in Figure 1. Using longitudinal 
data from the Survey of Health Aging and Retirement in Europe (SHARE), we investigate the 
relationship between individual and environmental factors (independent variables) and physical and 
cognitive functions which determines the need of LTC (dependent variables). In particular, we 
focus on the existence of clusters in the main determinants of functional decline (physical and 
cognitive impairment) of Europeans aged 50 and older. 
Following Sela and Simonoff (2012) and Fu and Simonoff (2014), we adopt a hierarchical 
clustering method that combines the advantages of random effects models for longitudinal data with 
the flexibility of a nonparametric approach based on conditional inference trees. Our final output 
has the form of a binary tree, that is, a dendogram describing the patterns of LTC needs. Moving 
down the tree, we find clusters containing increasingly similar responses for the dependent 
variables. The term “binary” implies that each group of respondents, represented by a “node” in a 
regression tree, can only be split into two groups. Thus, each node can be split into two other nodes, 
and so on. The tree will end with a set of terminal nodes representing the final partition of the 
observations.  
We show the existence of clusters in the main determinants of functional decline (physical and 
cognitive). According to our results, unobserved heterogeneity is clustered along some important 
dimensions: 1) cognitive impairment, measured by the results of a memory test, strongly depends 
on educational attainments, age and respondents’ country of residence; 2) physical impairment, 
measured through the loss of handgrip strength, basic and instrumental activities of daily living 
(ADLs, IADLs) and mobility, strongly depends on health and behavioural factors. More 
specifically, in memory tests measuring cognitive ability, unobserved heterogeneity is strongly 
related to educational achievements. Immediately after educational achievements, respondent’s age 
and country of residence are the best predictors of cognitive decline. Early-life conditions are 
important predictors for individuals aged seventy-two or less, while, for older respondents, 
cognitive decline is significantly associated with some measures of physical decline. The structure 
of clusters changes when we consider immediate and delayed recall tests separately. In contrast, 
groups heterogeneity in physical decline is more related to the health status, respondent’s age, the 
number of chronic diseases and the level of physical activity. Interestingly, handgrip strength also 
depends on country of residence once we have opportunely clustered for respondents’ sex and age. 
Our analysis contributes to the existing literature in two ways. From a positive point of view, we 
order the main determinants of physical and cognitive impairment, revealing important interaction 
effects among predictors. This allows us to better characterize previous findings, showing that some 
results are due to specific subpopulations entering the analysis. For example, Jorm et al. (2004) 
found the existence of gender differences in verbal learning test, showing that women outperform 
men.
2
 Our analysis confirms the validity of this finding, highlighting however the role of other 
                                                             
2 According to Jorm et al. (2004), women perform better on recall and Symbol–Digit Modalities Test. 
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important factors - such as education, age and country of residence - in mediating this relationship. 
In fact our regression tree approach allows us to overcome some limitations of linear regression 
models, which do not provide any information either on the order of predictors or in their 
conditional effects. From a normative point of view, finding that a limited set of variables are 
crucial to shape the need for long-term care may suggest decision makers to give the priority to 
policy interventions affecting those variables. In this respect, our analysis may help institutions 
understand the level of intervention to delay or slow cognitive and physical decline and then the 
demand of long-term care. 
The rest of the paper is organized as follows: Section 2 reviews the existing literature, Section 3 
presents data and describes the methodology of empirical analysis, Section 4 comments the results 
and Section 5 concludes. 
 
2. Literature Review 
 
In the last decades several contributions have investigated on the individual and environmental 
determinants of the onset of cognitive and physical impairment among the elderly. This large body 
of literature can be divided into two branches. A first branch concerns the analysis of the 
determinants of the process of cognitive decline and cognitive reserve theory, while the second 
branch is more related to the relationship between demographic, socio-economic and behavioural 
variables and physical disabilities. In addition, several contributions have shown that both cognitive 
and physical decline in the elderly are partially related to individual’s early-life conditions and may 
be influenced by institutional (“environmental”) factors. 
 
2.1 Cognitive Decline 
Ageing is often associated with cognitive decline which is a likely factor in the development of 
functional impairment and disability. Cognition can be divided into different domains of ability, 
which can be tested separately; the most important of these are orientation, memory, executive 
function (planning, sequencing) and language (Dewey and Prince, 2005). Therefore, the cognitive 
measures adopted by existing surveys on the aged population (e.g., the English Longitudinal Survey 
on Ageing – ELSA, the US Health and Retirement Study – HRS and the Survey of Health, Ageing 
and Retirement in Europe - SHARE) are multidimensional, considering different domains of 
cognitive functioning. For example, in the SHARE cognitive ability is measured using simple tests 
of orientation, memory (registration and recall of a list of ten words), verbal fluency (a test of 
executive function) and numeracy (arithmetical calculations). These tests are partly based on the 
mini-mental-state-examination – MMSE (Folstein et al., 1975) or the Dementia Detection 
(DemTect) scale (Kalbe et al., 2004). 
Cognitive impairment increases sharply after age 50, but cognitive functioning varies substantially 
across people at all ages (Schaie, 1989). In fact, recent research in neuroscience has questioned the 
idea that cognitive decline is inevitable and fixed (van Praag et al. 2000). According to the cognitive 
reserve theory, individuals are born with or can develop resources that help them resist normal and 
disease-related cognitive decline that occur in aging. Some studies suggest that people with a high 
educational level have a lower risk of developing cognitive impairment and dementia compared to 
people with a low educational level (Stern, 2002; Le Carret et al., 2010). In particular, Le Carret et 
al. (2010) show that the effect of education on cognitive reserve may be explained by an increase in 
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controlled processes and conceptualization abilities. Schneeweis et al. (2012) provide evidence of a 
causal link between SHARE respondents’ education (measured by their number of years of 
schooling) and cognitive functioning in old-age, stronger in delayed memory, but weaker (or even 
null) on verbal fluency, numeracy, orientation to date and dementia. According to Mazzonna and 
Peracchi (2013), education and employment status are important predictors, not only of the level of 
cognitive scores, but also of their age-related decline. People with a high educational level not only 
maintain their cognitive function (see, e.g., Harum et al., 2003; Schneider et al., 2012) but seem also 
to show a lower risk of developing dementia (see, e.g., Letenneur et al., 1999; Stern et al., 1994). 
 
2.2 Physical Disability 
 
Physical functioning is an important dimension of health, as it reflects the ability of individuals to 
perform normally in a society. Limitations in physical functioning are measured by several 
instruments such as: self-reports on mobility sensory functioning and measurement of walking 
speed (Nicholas et al., 2003.); measurements of hand-grip strength, a strong predictor of functional 
limitations and disability (Rantanen et al. 1999)
3
; self-reports of basic activities of daily living 
(ADL; dressing, getting in/out bed, eating, etc.) and instrumental activities of daily living (IADL; 
preparing a meal, shopping, making telephone calls, etc.) (see Nicholas et al., 2003).
4
 
Individuals’ physical impairment shows a marked socio-economic gradient - lower levels of 
education and wealth are associated with more limitations in the ADL (Kok et al., 2008); positive 
wealth effects on grip strength were particularly evident in the old age particularly among the least 
wealthy (Hairi et al., 2010) - even though some authors have found that changes in functional 
capacity by socio-economic position remained the same or even narrowed with ageing (Sulander et 
al., 2012). Lower educated people are generally more likely to smoke, to be physically inactive and 
to be overweight and this may accelerate the decline in functional capacity (Cavelaars et al., 2000; 
Sulander et al., 2004, 2005; Aro et al., 2005; Tsubota-Utsugi et al., 2011). Both socio-demographic 
variables and regular physical exercise are usually related to different transitions patterns towards 
frailty (Young et al., 1995; Paterson and Warburton, 2010; Borrat-Besson et al., 2013). There is a 
general evidence of the importance of healthy life-styles to improve functional capacity also among 
the elderly (Adams et al., 1990; Davis et al., 1994). 
 
2.3 Early-life circumstances 
 
There is a growing literature on the long-lasting effects that circumstances in early-life and parental 
socio-economic status have on later life outcomes such as health, socio-economic status and 
cognitive ability. Deprived childhood economic conditions may lead to worse health conditions in 
the long-run (see, e.g., Schröder, 2013). Cognitive ability in later life seems partially related to 
some early-life conditions and particularly to the number of years of education (Banks and 
Mazzonna, 2012; Dal Bianco et al., 2013). The number of books at home at age 10 – a proxy for  
                                                             
3 In a recent study, Taekema et al. (2010) show that “muscle wasting is associated with a detrimental outcome in older 
people”. More specifically, the authors suggest to measure hand grip strength in order to identify those geriatric patients 
at risk of physical accelerated decline. 
4 Besides these instruments covering physical and sensory functional limitations and activity restrictions, a global 
activity limitation indicator (GALI) has also been developed (Robine and Jagger, 2003) and used within the SHARE 
(Jagger et al., 2010)  
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parental education and economic status -  seems to have long-lasting beneficial effects on the 
individuals (e.g., higher earnings) and it is pushed by the reforms to increase the years of 
compulsory education (Brunello et al., 2012; Cavapozzi et al., 2011). 
 
2.4 The impact of environmental determinants 
Jagger et al. (2011) show that European countries are characterized by a substantial inequality in all 
health expectancies (LE-50 and Healthy Life Years measures). Moreover, they show that the 
patterns of progression from disease to disability were not the same across countries. According to 
these authors, the differences in patterns of health expectancies between countries may indicate 
environmental, technological, healthcare or other factors that could potentially delay progression 
from disease to disability: a phenomenon to be explored. 
 




To investigate and characterize the existence of clusters in the main determinants of physical and 
cognitive impairment, we use data drawn from the Survey of Health, Ageing and Retirement in 
Europe (SHARE). This is a multidisciplinary survey which collects information on health, socio-
economic status and family networks for individuals aged fifty or over who speak the official 
language of their country, plus their partner regardless of age. The first wave of SHARE took place 
in 2004 and involved eleven European countries: Austria (A), Belgium (B), Switzerland (C), 
Germany (D), Spain (E), France (F), Greece (G), Italy (I), Denmark (K), the Netherlands (N) and 
Sweden (S). Other countries have been added in the following waves. Since clustering analysis 
generally requires a relatively large dataset, in this paper we select Waves 2 and 4 to include also 
Poland (P) and the Czech Republic (Z).
5
 
Table 1 describes our variables (dependent and independent) and provides some summary statistics. 
 
[INSERT TABLE 1 HERE] 
 
3.1.1 Dependent variables 
On the basis of Figure 1, we consider different outcome variables to measure the need-related 
determinants of LTC demand. In particular, we are interested in those variables associated with 
cognitive and physical impairment of SHARE respondents.  
 
Cognitive ability measures 
In each of the SHARE waves, a series of brief tests on the individual cognitive abilities is collected, 
even though the features of some of them have been changed between Wave 2 and Wave 4. In this 
work we focus on one of these measures: the number of Worlds Recalled (WR), i.e. the number of 
words that a person can recall (one immediate and one delayed recall) from a list of ten. The ten 
word-list-learning test is a standardized modified version of the Rey’s Auditory Verbal Learning 
                                                             
5 We use release 2.6.0 for wave 2 (November 29th, 2013, DOI: 10.6103/SHARE.w2.260) and release 1.1.1 for wave 4 
(March 28th, 2013, DOI: 10.6103/SHARE.w4.111).  
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Test (RAVLT), a test of verbal learning and memory, where the respondent is asked to learn a list 
of ten common words. The respondent may hear the list only once and then will be asked to recall 
the words immediately (immediate recall) and again later on (delayed recall), after an interference 
period.
6
 The SHARE version of the RAVLT differs as in each wave the collected test consists of 
only one immediate recall trial and one delayed recall (the lists of ten words used in Wave 4 are 
however different with respect to those used in the previous waves) (Dal Bianco et al., 2013). 
Besides the total number of words recalled, as robustness check, we also consider the instant and 
delayed recall test separately. Table 1 shows that the average number of WR is 8.89, with 5.14 
words recalled on the instant trial and 3.75 words recalled on the delayed trial. By using a short-
term verbal memory test, Singh-Manoux et al. (2008) define a critical minimum value of 4 out of 20 
words (20% of the list) to identify individuals with memory deficit. This value coincides with the 
value observed in the worst quintile. In our case, the worst quantile recall a maximum of 5 out of 10 
words (50%). 
 
Physical (dis)ability measures 
A first measure of physical (dis)ability that we consider is the maximum handgrip strength. 
According to the test instructions, two grip strength measurements on each hand were recorded with 
a dynamometer at the interview. The maximum grip strength is defined as the maximum 
measurement of both hands or of one hand. In the SHARE sample, it ranges from a minimum value 
of 2 kg to a maximum value of 84 kg, with an average value of 34.24 kg; for men and women this 
value is 43.12 kg and 26.6 kg, respectively. Diagnostic measures for sarcopenia in patients aged 50 
and over are 39.6 kg for men and 26.2 kg for women (see Bijlsma et al., 2013). 
A second measure of physical impairment is given by the number of basic activities of daily living 
(ADL) that one can perform alone. This measure is used to access the need for supportive services 
for physically impaired individuals. The considered ADL index is based on six activities: dressing, 
walking across a room, bathing or showering, eating, getting in and out of bed, and toileting. On 
average, our population can perform 5.84 activities. This suggests that our dependent variable is 
right-censored at six, with a small portion of respondents characterized by the lack of at least one 
ADL. To measure respondents’ functional status, we also consider the number of instrumental 
activities of daily living (IADL) that one can perform alone. The IADL index takes into account the 
following activities: using a map to get around in a unknown place; preparing a hot meal; shopping 
for groceries; making telephone calls; taking medications; doing work around the house or garden; 
managing money, such as paying bills and keeping track of expenses. On average, respondents can 
perform 6.75 out of 7 instrumental activities.   
Finally, we use an indicator of physical mobility. This variable is the number of everyday activities 
that individuals can do with no difficulty, excluding those difficulties that they expect to last less 
than three months. These activities refer to mobility, arm function and fine motor functioning 
reported by respondents.
7
 The average number of everyday activities that individuals can do with no 
difficulty is 8.52, with values ranging from 0 to 10. However, 50 percent of respondents are able to 
perform all activities and another 17% of them report only one difficulty. Those individuals with 
three or more difficulties constitute the 22.72% of the sample. 
                                                             
6 The original RAVLT consists of five consecutive trials each followed by an immediate recall and one delayed recall, 
which enables to compute several indices from the outcomes (Estévez-González et al. 2003). 




3.1.2 Independent variables 
Physical and cognitive disabilities depend on both short- and long-term determinants. We divide 
these determinants into five categories: health and medical variables, biological measures, 
behavioural factors, socio-economic and demographic determinants, early-life conditions.  
Health conditions are proxied by two variables: a self-reported health (SRH) status and the number 
of chronic diseases declared by respondents. By looking at Table 1, we can see that, although the 
majority of respondents suffer from some chronic diseases, the 91% of them report a good health 
status. Many epidemiological studies have shown that SRH is a good predictor of future morbidity 
and mortality as well as functional abilities (see, e.g., Idler and Kasl, 1995; Idler and Benyamini, 
1997; Benyamini and Idler, 1999;  Kawachi  et al., 1999; Subramanian et al., 2001). Similarly, other 
studies have shown that physical and cognitive disabilities are an adverse outcome of different 
chronic diseases (see, e.g., Svedberg et al., 2009; Kim, 2011). We also include six dummy variables 
indicating whether respondents take some specific drugs at least once a week. In particular, we 
consider drugs for: (1) high blood cholesterol; (2) high blood pressure; (3) coronary or 
cerebrovascular diseases; (4) other heart diseases; (5) diabetes; (6) anxiety or depression. This set of 
dummies should capture the effects of important medical conditions on functional decline. 
According to Table 1, one out of two respondents take drugs for high blood pressure, while one out 
of three respondents are treated for high blood cholesterol. In contrast, only a 7% of respondents 
take drugs for anxiety or depression. 
To account for biological aspects, we use information on the subjects’ age, gender and Body Mass 
Index (BMI). The average respondent is 66 years old, and women constitute 54% of respondents. 
BMI is calculated by dividing a person’s weight (in kilograms) by their height (in meters) squared 
and signals overweight for values in a range 25.0-29.9 and obesity for values above 30.0. The BMI 
is an important indicator, since it captures several dimensions. First of all, the BMI can indicate 
some biological factors predisposing to chronic diseases and then functional disabilities. Secondly, 
the BMI is also associated with nutritional, behavioural and environmental factors that can increase 
the probability of physical and cognitive decline. In our sample, the average value of BMI is 27.01 
(27.18 for men and 26.87 for women).  
Also current and past habits may affect the probability of functional and cognitive decline. 
Therefore, we control for important behavioural factors (daily drinking, performed physical 
activities, and smoking). Table 1 shows that 80% of respondents consume less than 2 drinks in a 
day. Current smokers represent a 27% of the sample, while almost half of the sample declares to do 
vigorous activities (activities or sports requiring a more than moderate level of energy). We have 
also included two dummy variables indicating whether a respondent has ever changed her level of 
physical activity or diet. These changes concerned a 27-28% of the sample. 
As socio-economic and demographic factors, we included: having a partner, the educational 
attainment, the working status and the income level. The fraction of respondents living with a 
spouse or a partner is 75%. The average education is below ISCED (International Standard 
Classification of Education) 3-4.
8
 Most of respondents are still working and, on average, their 
equivalized annual household income is € 23,872.  
                                                             
8 ISCED 3 corresponds to a lower secondary education level, while ISCED 4 corresponds to an upper secondary 
education level.  
9 
 
To control for very long-term determinants of functional and cognitive decline, we also consider 
several variables related to long-term habits and early-life conditions (vaccinations, regular checks 
of blood pressure, regular dental care, parents’ life-styles, having few books9, math and language 
skills in the childhood, living in a rural area during childhood). Almost all respondents have been 
vaccinated during childhood (99% of the sample). Moreover, practically all of them had their blood 
pressure checked regularly over the curse of several years. This means that these two variables 
exhibit a too low variability to explain our dependent variables. On the contrary, only the 62% of 
the sample reported a period of regular dental checks. In addition, the 41% of respondents had less 
than 25 books in the house when they were ten. This fraction is comparable with the percentage of 
individuals that had a first residence located in rural areas (44%). We have also included two 
dummy variables indicating the presence of math and language skills when the subject was ten. 
These measures are self-reported and indicate that more than one-third of the population recall good 
math and language performances in their preadolescence. Both measures may be related to 
unobservable characteristics such as individual capacities but also to the quality of the educational 
environment at which respondents were exposed during their childhood. Here, the term educational 
environment refers to the entire context influencing and forming a child. Finally, the majority of 
respondents grew up with parents used to smoke, while the incidence of parents used to drink 
heavily is about 9%. 
In the next section, we will explain the empirical strategy adopted to ascertain the existence of 
clustering in the determinants of functional decline (physical and cognitive impairment) of 






We are interested in understanding a part of the whole model represented in Figure 1, i.e., the 
relationship between the environmental and individual variables and physical and cognitive 
impairment which determines the need of LTC. In order to discover the real data-generation 
process, we adopt a data-driven approach, without assuming a priori any parametric form to model 
this relationship.  
Longitudinal analyses are extremely rewarding when one wants to fit complex or highly structured 
data. Traditional panel data analyses are based on point estimates that lead to a single value of a 
statistic. They assume a constant relationship between a certain explanatory variable and the 
outcome. This assumption is often too restrictive for data on health in which important interactions 
and nonlinear effects take place. Therefore, to identify the best predictors we adopt a flexible data-
driven approach derived from Fu and Simonoff (2014). In particular, we use a conditional inference 
tree method to estimate a Random Effects Expectation Maximization (RE-EM) model. This 
approach allows us to combine the structure of random effects (RE) models for longitudinal data 
with the flexibility of a tree regression method (Sela and Simonoff, 2012).
10
 The latter is a 
                                                             
9 This is a zero-one dummy that captures the presence of less than 25 books at the parental home at age ten, information 
collected during the third wave of SHARE, SHARELIFE, as proxy for parental education and economic status. 
10 In theory, when a sample comes from a very large population, as in our case, RE models are more appropriate than FE 
models. This happens because the vector of fixed effects cannot be extended to the rest of the population and then 
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nonparametric method for estimating a regression function. As shown by Fu and Simonoff (2014), 
with respect to recursive partitioning analyses based on some pruning criteria, a conditional 
inference tree provides estimates that are unbiased. This approach provides improved predictive 
power compared to linear models with RE and regression trees without RE. Moreover, results are 
less sensitive to parametric assumptions.
11
 
Following Sela and Simonoff (2012) and Fu and Simonoff (2014), we start from a very general 
effects model with additive error: 
 
                                                                                   (1) 
 
 
   
   
           
where     is the observed outcome for individual i at time t,           is the vector of random 
effects,     is a matrix of time-varying regressors,    is a matrix of time-invariant regressors,      is 
an a priori unknown function, and      is an error term. The error terms are independent across 
observations and uncorrelated with the random effects. Finally,    is a diagonal matrix, assuming 
that errors are not autocorrelated.
12
 
Since both    and      are unknown, Sela and Simonoff (2012) and Fu and Simonoff (2014) 
propose the following estimation algorithm: 
 
1. Initialize the estimated random effects,    , to zero 
2. Iterate through the following steps until the change in the restricted likelihood function is 
less than a certain tolerance value: 
(a) Estimate a regression tree approximating     , based on the target variable,       , and 
covariates,    . Use this regression tree to create a set of indicator variables,          , 
where    is the p-th group and ranges over all of the terminal nodes in the tree. 
(b) Fit the linear random effects model,                       , where    is the 
expected level of the outcome for group p. 
 Extract     from the estimated model. 
3 Replace the predicted response at each terminal node of the tree with the estimated 
population level predicted outcome     from the linear model fit in 2b.  
 
The linear random effects model in 2b is estimated using a restricted maximum likelihood (REML) 
technique. While for point 2a, Fu and Simonoff (2014) suggest to use a conditional inference tree. 
                                                                                                                                                                                                          
estimates lack of external validity. In addition, when the time dimension is small and cross-section dimension is large, 
RE are more efficient than FE, since the number of parameters estimated in a FE model increases with the number of 
individuals. Another important advantage of RE is that they allow for the inclusion of time-invariant regressors. 
Moreover, RE are often appropriate when data are collected hierarchically or observations are taken on related 
individuals (e.g., spouses, partners, siblings, etc). Finally, another reason to adopt a RE approach is based on the fact 
that our data change relatively slowly over time and, therefore, FE estimates absorb most of the variability contained in 
the data.  
11
 All computations are made using R version 3.1.1 and Stata 13.1. The R code has been kindly provided by Wei Fu and 
Jeffrey S. Simonoff.  
12 Note that, if      is a linear function and effects    are fixed or correlated with covariates, then model (1) becomes a 
linear fixed effects model. Vice versa, if      is a linear function and effects    are random or uncorrelated with    , 
then model (1) becomes a linear random effects model. 
11 
 
The estimation of a conditional inference tree follows three steps: 1) test the global null hypothesis 
of independence between any of the input variables and the output. If this hypothesis is rejected, 
select the input variable with the strongest association to the dependent variable. This association is 
measured by a p-value corresponding to a test for the partial null hypothesis of a single input 
variable and the outcome; 2) implement a binary split in the selected input variable; 3) recursively 
repeat the previous steps. With respect to other partitioning techniques and classification methods, 
the main advantage of this approach is that it takes into account the distributional properties of the 
variables.
13
 This leads to results that are robust to the structure of the dataset.
14
  
This algorithm recalls, although they differ, the Expectation-Maximization (EM) algorithm 
provided by Laird and Ware (1982). For this reason, Sela and Simonoff (2012) call the resulting 
estimator a Random Effects-EM (RE-EM) tree. The resulting models can be represented as a binary 
tree. In general, a binary tree starts with a “root node” partitioning the entire sample into two 
subgroups based on the value of an explanatory variable. The variable selected for the first split 
represents the most important explanatory variable. Each subgroup corresponds to a “child node” 
which may be further partitioned, again based on the value of an explanatory variable. The final 
output is a dendogram describing the patterns of sequential splits. Moving down the hierarchy, we 




4. Results and discussion 
 
4.1 Linear random effects estimates 
 
4.1.1 Determinants of cognitive (dis)ability 
By using a linear random effects model, Table 2 reports the impacts of our covariates on our three 
measures of cognitive impairment.
15
 The number of recalled words increases with the health status. 
Individuals reporting a good health status perform better than those reporting a poor health status in 
all recall tests. Overall, the former recall 0.34 words more than the latter. In contrast, the number of 
words recalled is negatively associated with the number of chronic diseases reported by 
respondents. The average loss of recall capacity is equal to 0.03 words for every additional disease; 
nonetheless, when we distinguish between immediate and delayed recall, the statistical association  
between the presence of chronic diseases and cognitive impairment is significant only for the 
delayed recall test. The correlation between the BMI and our recall measures is negative and 
statistically significant for both the overall test and the delayed recall test. We also included a 
squared term for the BMI in order to capture possible nonlinearities due to the effects of under- and 
over-weight conditions. This second term captures some nonlinear effects of BMI on delayed recall.  
With respect to sedentary individuals, respondents conducting an active life tend to recall a higher 
number of words, and this is true for both immediate and delayed recall. Likewise, increasing the 
                                                             
13
 For a general description of the methodology see Hothorn et al. (2006) and Strobl et al. (2009). 
14 See Fu and Simonoff (2014) for further details on the statistical method. 
15 We also estimated a fixed effects regression model. However, within estimators are never significant. This means that 
only the cross-sectional information is relevant to explain cognitive abilities. This result is likely to depend on the fact 
that we consider only two waves. FE estimates are available upon request from the authors. 
12 
 
level of physical activity or passing to a healthier diet may have positive effects on memory 
performances. By looking at Table 2, we can say that conducting an active life is particularly 
important to maintain cognitive function. Note however that the number of words recalled is higher 
for smokers than for non smokers. Peeke and Peeke (1984) found that high-nicotine cigarettes 
resulted in improved recall for both immediate- and delayed-recall tests. In this regard, Mondadori 
(1981) argues that many drugs that are self-administered (and potentially reinforcing) can have 
memory-facilitating effects. However, these effects cease during abstinence periods. Interestingly, a 
regular dental care since the childhood – a proxy of early-life prevention attitudes and habits - is 
positively associated with our memory measures. With an average value of 0.5 words recalled, the 
impact of regular dental care on the three outcome variables is comparable with the impact of other 
important explanatory variables such as language abilities and the health status. 
Among socio-economic and demographic variables, education and having a partner are those with 
the largest impact on recall capacity. Yet, the association between the income level and the number 
of words recalled is small. An increase of one thousand Euros in the average income level leads to 
only 0.005 additional words. 
In contrast, memory performances are strongly correlated with early life conditions such as the area 
in which respondents had their first residence and the number of books available when they were 
ten. Individuals who spent their early life in rural areas tend to recall a smaller number of words 
with respect to those grew up in non-rural areas. The average gap is about 0.18 words, with a larger 
fraction of words forgotten in the delayed trial. The number of books available during the childhood 
is positively associated with the number of words recalled. As expected, we found that math skills 
and language skills at the age of ten correlate with memory performances. The coefficient of 
language skills is slightly greater than the coefficient of math skills. 
In line with the existing literature, women perform better than men in recall tests (e.g. see Jorm et 
al., 2004). On average, women recall 1.27 out of 20 words more than men, with 0.59 additional 
words recalled immediately and 0.69 additional words recalled afterward. Obviously, the number of 
words recalled decreases with respondent’s age. The average loss of recall capacity is equal to 0.07 
words for every additional year. This loss is almost equally divided between instant and delayed 
recall. Finally, there is a positive association between physical capacities and cognitive capacities. 
In particular, the number of IADL that respondents can perform alone and their handgrip strength 
positively correlate with our cognitive measures.  
 
 
[INSERT TABLE 2 HERE] 
 
4.1.2 Determinants of physical (dis)ability 
The effects of our covariates on the four physical impairment measures are reported in Table 3.
16
 
The general health status is positively associated with all physical ability measures. Together with 
the evidence reported in Table 2, this means that physical and cognitive measures reflect the self-
perceived health status. Vice versa, the number of chronic diseases is negatively associated with all 
physical ability measures.  
                                                             
16 In this case, both within and between estimators are statistically significant. This means that physical functions are 
more sensitive to changes in time-variant regressors than cognitive functions even when the time horizon is limited. 
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Table 3 shows a hump-shaped relationship between BMI and physical ability measures. The 
maximum handgrip strength is low for both underweight and obese (second class obesity, i.e., 
BMI>35.9) respondents. ADL an IADL reach a maximum for lower levels of the BMI (27 and 34, 
respectively), whereas mobility is always decreasing in the BMI. In this case, Column 1 captures 
the idea that, for a wide range of the BMI, the muscle strength is positively related to the body 
mass. On the other hand, above the normal weight threshold, ADL and IADL tend to be negatively 
associated with the BMI. A positive correlation emerges between the level of activity and our 
physical ability measures. The same conclusion holds for those who passed from a low activity 
level to a higher activity level.
 17
 
Regular dental care and the number of books available during childhood show a positive association 
with both handgrip strength and mobility. Therefore, early-life conditions are related to adults’ 
physical abilities. With respect to non-workers, workers show better performances in all outcomes, 
except the number of ADL. The handgrip strength increases with the presence of math skills, 
whereas the mobility index is higher for those having language skills or a partner. Moreover, 
respondents with a family history of alcoholism show lower physical abilities.  
The area of residence during childhood explains part of the variability observed in the maximum 
handgrip strength and IADL. In particular, individuals who grew up in rural areas are stronger in 
terms of handgrip than those in urban or suburban areas but also more exposed to IADL problems. 
Comparing Column 2 with Column 3, we can see that the number of IADL is more sensitive to 
socio-economic factors than the number of ADL. 
Naturally, women have less handgrip strength than men, but, more interestingly, also their mobility 
is lower. Age is an important explanatory variable for all measures of physical ability. That is, 
physical capacities decrease with respondents’ age. 




[INSERT TABLE 3 HERE] 
 
4.2 Clustering the determinants of functional decline 
 
The rest of the analysis aims to determine the relative importance of different explanatory variables 
on physical and cognitive decay. By using the unbiased RE-EM tree approach described in section 
3.2.2, we better characterize previous results identifying the true hierarchical structure of data. In 
addition, regression trees allow selecting those variables that may mediate the impact of a covariate 




4.2.1 Determinants of cognitive (dis)ability 
                                                             
17 A positive relationship seems to emerge also between the number of drinks and IADL as well as the mobility index. 
However, considering that 80% of respondents drink less than two glasses of alcohol per day, we cannot say anything 
about the effects of alcohol abuse on physical capacities. 
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Figures 2-4 show the regression trees for words recalled, instant recall and delayed recall, 
respectively. Starting from Figure 2, we can see that the main stratification variable for the number 
of words recalled is the educational level. Significant differences in memory capacities emerge 
between individuals with less than a secondary education level and individuals with at least a 
secondary degree. This means that education is the principal explanatory variable in all studies 
attempting to explain the cognitive performance measured by the number of words recalled. This 
evidence is confirmed by Figure 3 that considers the number of words immediately recalled and 
Figure 4 that accounts for the number of words recalled afterward. By using a quasi-experimental 
design, Harum et al. (2003) found a significant difference in word recall tests when comparing 
those subjects completing elementary school to those subjects completing high school and college. 
Similarly, Schneider et al. (2012) found that the effect on performance of a less than high school 
education is equivalent to the effect of as much as 22 years of cognitive aging. This evidence drives 
our second level of splitting. The second best predictor, which is mediated by the educational level, 
is the respondent’s age. In other words, age interacts with the educational level to explain memory 
performances. The existence of these interaction effects can be well explained with the cognitive 
reserve theory. According to this theory, formal education provides an additional cognitive reserve 
mitigating the effects of aging on memory loss. Once educational and age heterogeneity is taken 
into account, then one should distinguish among the countries they are investigating. In particular, 
looking at figures 2-4, one should pay a particular attention to three countries, namely Spain, Italy 
and Poland, with the inclusion of Greece if we are considering educated individuals aged seventy-
one or less. These countries show lower performances than other European countries. Using 
SHARE data, Brothers et al. (2014) show that respondents in Southern and Eastern Europe have 
lower mean test scores than those in Northern and Western Europe. Moreover, participants’ scores 
do not differ by country of birth group. After this aggregation level, figures 2-4 show that results 
change across subgroups and memory tests. In Southern and Eastern Europe, age is particularly 
important for low educated individuals, while, for high educated respondents, the presence of 
language skills at early ages is associated with better cognitive performance. Other countries, such 
as Belgium, Germany, France, and Czech Republic, show a positive effect of language skills on the 
number of words recalled by low educated respondents. The fact that weak language skills may 
result in a lower memory performance is not new in the medical literature. For instance, Kennedy 
(2012) argues that words recognition remains unchanged or increases as vocabulary expands. 
However, our results suggest that this finding is particularly relevant for a subset of European 
countries. 
In general, women living in Central and Northern European countries perform better than men in 
memory tests. A wide body of literature demonstrated the existence of a female advantage in 
language capacities (see, e.g., Jorm et al., 2004). Interestingly, for educated respondents, the tree 
generated for immediate recall test corresponds to the tree characterizing the overall recall 
performance. Since the largest fraction of our sample is composed by educated individuals aged 
seventy-one or less, we can say that the level of education, language capacities and gender are 
crucial to predict the number of words recalled. Among less educated individuals, women living in 
Central and Northern European countries and aged seventy-two or less are those with the highest 
number of words recalled, and this evidence is driven by the delayed recall test. The same is true for 
educated individuals, where women with a tertiary education living in Central and Northern 
European countries perform better than anyone else. 
15 
 
Compared to Figure 3, Figure 4 shows that, after the first three levels of splitting, variables 
affecting the delayed recall differ from those affecting the immediate recall. In particular, each 
subgroup presents a specific path. At the fifth level of clustering, the main determinant of subgroups 
formation is the number of IADL. This means that physical disabilities are correlated with cognitive 
ones. Using a random effects model, Farias et al. (2009) showed that changes in memory 
performance were associated with changes in the number of IADLs, even after controlling for age, 
education, and gender. Again educated women aged seventy-one or less, living in Central and 
Northern European countries, are those remembering the highest number of words (immediately 
and at a later time). 
 
 
[INSERT FIGURES 2-4 HERE] 
 
4.2.2 Determinants of physical (dis)ability 
Figures 5-8 show the unbiased RE-EM trees for the maximum handgrip strength, ADL, IADL and 
mobility, respectively. According to Figure 5, as expected, respondents’ gender is the main splitting 
variable for the maximum handgrip strength.
18
 After having distinguished between men and 
women, at the second and third level of clustering, age becomes the most important variable to 
predict the maximum handgrip strength. Muscle strength naturally declines with age. However, the 
combined effect of gender and age on the maximum grip strength confirms those studies showing 
that this natural decline occurs at a different age in women compared with men (see, e.g., Vianna et 
al. 2007).  
Men aged sixty-two to seventy-nine, living in Spain, France, Greece, Italy and Poland, show lower 
levels of handgrip strength than men living in Central and Northern European countries. The same 
is true form women aged sixty-nine or less. As suggested by Andersen-Ranberg et al. (2009), this 
evidence contrasts with the fact that life expectancy is higher in Southern European countries than 
in Northern European ones. According to them, gene–environment interactions may explain 
country-specific differences. By looking at Figure 5, we cannot reject their hypothesis, since the 
country of residence significantly interacts with environmental factors, such as the activity level, 
and variables capturing the product of genetic and environmental factors, such as IR, IADL and the 
number of chronic diseases. In addition, men’s strength is particularly sensitive to the activity level, 
whereas women’s strength depends on health variables such as the self-perceived status, the number 
of chronic diseases and the number of words instantaneously recalled. 
The RE-EM tree referring to the ADL measure is presented in Figure 6. Following this tree, we can 
see that a first division must be made between who declared an adequate health status and who did 
not. For the former, a second important determinant is having more or less than 3 chronic diseases. 
If the respondent declared to suffer from less than three chronic diseases, then age is more 
important than the activity level; vice versa, if the respondent declared to suffer from, at least, three 
chronic diseases, then the activity level is more important than the respondent’s age. In contrast, 
among who declared to suffer from poor health, the second most important splitting variable is the 
respondent’s age. The activity level is an important splitting variables for respondents aged seventy-
                                                             
18 Cheung et al. (2013) found different association patterns of handgrip strength with chronic diseases in men and 
women. This evidence can be explained with the intrinsic differences between men and women. Baumgartner et al. 
(1999) argue that sex hormones crucially affect the handgrip strength. 
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six or less, while the number of chronic diseases is crucial for older individuals. Interestingly, the 
unbiased RE-EM tree selected only 4 covariates to predict the number of ADL. Concerning the 
correlation between the number of ADL and the number of chronic diseases, Malhotra et al. (2012) 
found that heart diseases, diabetes, osteoporosis, chronic respiratory illness and renal/urinary tract 
illness were significantly associated with ADL limitations. In addition, according to Paterson and 
Warburton (2010), regular aerobic activity and short-term exercise programmes confer a reduced 
risk of functional limitations and disability in older age. Paterson and Warburton also infer the 
existence of a threshold in the activity level to maintain functional independence. Comparing high- 
and low-active individuals, Young et al. (1995) found that the activity level was associated with 
optimal function for basic ADL. Moreover, in subjects with a chronic disease, at least a moderate 
physical activity was sufficient to maintain physical functioning. 
The health status represents the most important splitting variable also for the number of IADL (see 
Figure 7). The respondent’s age moderates the relationship between the activity level, the health 
status and the number of IADL. For individuals aged eighty-two or less, this relationship is also 
mediated by the number of chronic diseases. By looking at the last two levels of the tree, we can 
notice that some clusters depend on the consumption of antidepressants and anxiolytics, while other 
clusters depend on immediate and delayed recall performance. We can conclude that the effect of 
mental conditions on the number of IADL is mediated by the level of physical activity and the 
number of chronic diseases. 
Figure 8 provides the RE-EM tree results for the mobility index. The first three levels of clustering 
give a clear picture of what determines the most important differences in the mobility index. The 
average number of chronic diseases is the primary splitting variable, with a threshold value of 2 
chronic diseases. Subsequently, it is important to distinguish between who always declared an 
adequate health status and who declared a poor health status. After this distinction, the average level 
of activity becomes relevant to identify further subgroups. The hierarchical structure of the data 
generation process explains why some studies failed to find a significant relationship between the 
activity level and mobility measures. Indeed, the interaction between chronic diseases and physical 
activity is rather complex. For example, Hirvensalo et al. (2000) showed that, for those with intact 
mobility, the risk of dependency did not differ between active and sedentary individuals. Similarly, 
Wannamethee et al. (2005) noted that the trend between physical activity and mobility capacity 




[INSERT FIGURES 5-8 HERE] 
 
 
4.3 Comparing the results of the linear random effects model and the unbiased RE-EM tree 
 
We conclude the analysis comparing the fit of the unbiased RE-EM tree with the fit of a linear 
random effects model. Table 4 contains the sum of squared errors (SSEs) of these two models. The 
first row of Table 4 contains the sum of squared errors (SSEs) of our RE-EM trees (stopped at the 
fifth level of clustering) for all dependent variables. The second row presents the SSEs for the 
whole RE-EM trees. The SSEs of the linear models are reported in the third and fourth rows. 
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Finally, the last row simply reports the number of variables selected by the unbiased RE-EM tree 
analysis (stopped at the fifth level of clustering). The whole tree always outperforms the random 
effects model, while the RE-EM trees arrested at the fifth level of clustering already capture the 
largest fraction of the variance explained by the linear model. In particular, when we consider the 
measures of physical disabilities as dependent variables, the arrested trees already outperform the 
linear models. This means that combining few explanatory variables in the correct way, we can 
increase the fraction of explained variability. 
 






In this paper, we performed a hierarchical cluster analysis to discover the association between 
individual and environmental characteristics and cognitive and physical disabilities influencing 
long-term care needs of the over-fifties. Using a panel data approach, we classified the principal 
determinants of physical and cognitive disabilities going beyond the limitations of traditional linear 
regression models. In fact, if linear models measure the marginal effects of the predictor variables 
on the outcome variables, they are absolutely inappropriate to identify complex patterns in the data. 
On the contrary, our analysis shed some light on the true data generation process. Moreover, a 
cluster analysis may help decision makers understand which data aggregation level is needed for 
policy interventions.  
Both analyses, linear and nonlinear, lead to sensible results. However, the RE-EM tree analysis 
showed that some variables are more important than others in predicting cognitive and physical 
performance of European over-fifties.    
As measures of cognitive abilities, we employed standard world recall tests indicators. In particular, 
we considered both an immediate and a delayed recall test. The most important variable in 
explaining both cognitive outcomes is the educational level. Once we distinguish between high and 
low educated respondents, their age becomes the second most important splitting variable for our 
cognitive measures.  Subsequently, the formation of clusters of explanatory variables depends on 
the respondent’s country of residence. Early-life conditions are important predictors for individuals 
aged seventy-two or less, while, for older respondents, cognitive decline is significantly associated 
with some measures of physical decline. After this level of clustering, immediate and delayed recall 
performance differ in some explanatory variables.  
Concerning physical disabilities, we explored the effects of individual covariates on three different 
measures: the maximum handgrip strength, the number of ADL, the number of IADL and a 
mobility index. The handgrip strength obviously differs between men and women. Men’s handgrip 
strength depends on the activity levels and their country of residence, while women’s strength is a 
nonlinear function of their health status. Moving towards the number of ADL that individuals can 
perform alone, we found that the health status is the principal explanatory variable. Other important 
splitting variables are the number of chronic diseases, the age, and the activity level. The analysis 
on the number of IADL provides similar results, although the regression tree is richer than the tree 
depicted for the number of ADL. Finally, the best predictor of the mobility outcome is the number 
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of chronic diseases. Adults with a higher number of chronic diseases face several mobility, arm and 
fine motor problems. Immediately after the number of chronic diseases, the self-perception of 
health is a good indicator of mobility impairment. The third splitting variable is the activity level, 
while after this, we found that biological, environmental and health indicators complete the picture. 
Overall, physical conditions correlate especially with age, health status and the dummy variable 
indicating whether the respondent lives an active life or not. 
It is worth mentioning that some covariates, usually considered as key predictors, never enter the 
first five levels of our trees. These variables are the income level, having a partner, being a current 
smoker, the number of daily drinks and the area of residence when the respondent was child. This 
means that their effects are mediated by the variables mentioned above. 
From a policy point of view, if few important variables are able to shape the long-term care risk, 
then decision makers should give the priority to policy interventions affecting those variables. From 
our analysis, public health programs to detect those at high risk or to improve modifiable risk 
factors, such as sedentary habits, seem particularly effective to prevent or delay cognitive and 
physical decline among the elderly. Since the educational level and some early-life conditions are 
important predictors of age-related functional decline (especially of cognitive impairment), health 
promotion through risk factor prevention should be tailored towards the lower education and socio-
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Table 1: Description of Variables and Summary Statistics (15,105 Obs.) 
Variable Description Mean SD Min Max 
Dependent Variables 
WR Number of words that a person can recall (10 words for immediate 
and 10 words for delayed recall). 
8.90 3.41 0 20 
IR Number of words recalled on the instant trial (from a list of 10). 5.14 1.68 0 10 
DR Number of words recalled on the delayed trial (from a list of 10). 3.75 2.00 0 10 
handgrip Maximum handgrip strength in kg. 34.24 11.78 2 84 
ADL Number of basic activities of daily living that one can perform 
alone. 
5.84 0.60 0 6 
IADL Number of instrumental activities of daily living that one can 
perform alone 
6.75 0.77 0 7 
mobility Number of everyday activities  that individuals can do with no 
difficulty (mobility, arm function and fine motor function). 
8.52 2.11 0 10 
Health and medical variables 
health Self-perceived health status (1=good) 0.91 0.28 0 1 
chronic Number of chronic diseases (from a list of 19). 1.85 1.48 0 10 
DBC Drugs for high blood cholesterol. 0.28 0.45 0 1 
DBP Drugs for  high blood pressure. 0.49 0.50 0 1 
DCD Drugs for coronary diseases.    0.10 0.31 0 1 
DHD Drugs for other heart diseases. 0.12 0.32 0 1 
DD Drugs for diabetes.  0.13 0.33 0 1 
DAD Drugs for anxiety or depression. 0.07 0.25 0 1 
Biological measures 
age age 66.40 9.11 50 102 
Gender 1=female 0.54 0.50 0 1 
BMI Body max index, BMI = weight in kg/(height in cm)2. 27.01 4.16 15.06 40 
Behavioral factors 
drinks Dummy variable indicating whether a respondent drinks more than 
2 drinks in a day (1=yes). 
0.20 0.40 0 1 
smoking Current smoking (1=yes). 0.27 0.44 0 1 
active Vigorous activities? (1=yes). 0.55 0.50 0 1 
ch. activity During your life, have you ever increased your physical activity? 
(1=yes). 
0.27 0.44 0 1 
ch. diet During your life, have you ever changed your diet to improve your 
health? (1=yes). 
0.28 0.45 0 1 
Socio-economic and demographic determinants 
partner Living with spouse/partner (1=yes) 0.75 0.43 0 1 
education Educational attainment based on the International Standard 
Classification of Education (1= ISCED 0-2, 2= ISCED 3-4, 
3=ISCED 5-6). 
1.73 0.77 1 3 
working Working status (1=not working). 0.81 0.39 0 1 
income Household income divided by the number of equivalent adults 
(thousands of Euros). 
23.872 31.539 0 1100 
Early-life conditions 
dental Regular dental care started in childhood (1=yes). 0.62 0.48 0 1 
books Number of books in the house when ten (1=less than 25) 0.59 0.49 0 1 
math Math skills: relative position to others mathematically when ten 
(1=good). 
0.35 0.48 0 1 
language Language skills: relative position to others language when ten 
(1=good). 
0.37 0.48 0 1 
vaccinations During your childhood, that is, from when you were born up to and 
including age 15, have you received any vaccinations? (1=yes). 
0.99 0.09 0 1 
blood pressure Have you ever had your blood pressure checked regularly over the 
course of several years? (1=yes) 
1.00 0.02 0 1 
parents smoke Did parents smoke during childhood? (1=yes). 0.63 0.48 0 1 
parents drink Did parents drink heavily during childhood? (1=yes). 0.09 0.28 0 1 




Table 2: Cognitive Abilities 
 WR IR DR  WR IR DR 
 (1) (2) (3)  (1’) (2’) (3’) 
Constant 11.257*** 5.473*** 5.806*** books 0.616*** 0.311*** 0.305*** 
 (2.293) (0.946) (1.585)  (0.064) (0.031) (0.038) 
chronic -0.034* -0.007 -0.025** math 0.398*** 0.174*** 0.223*** 
 (0.020) (0.010) (0.013)  (0.061) (0.030) (0.037) 
age -0.072*** -0.034*** -0.039*** language 0.443*** 0.218*** 0.229*** 
 (0.004) (0.002) (0.002)  (0.063) (0.031) (0.038) 
BMI -0.153** -0.043 -0.112*** parents 
smoke 
0.063 0.037 0.024 
 (0.064) (0.032) (0.038)  (0.055) (0.027) (0.033) 
BMI sq. 0.002** 0.001 0.002*** parents 
drink 
0.012 -0.013 0.025 
 (0.001) (0.001) (0.001)  (0.098) (0.048) (0.058) 
drinks -0.001 -0.001 -5.2e-4 rural area -0.177*** -0.069** -0.109*** 
 (0.003) (0.002) (0.002)  (0.055) (0.027) (0.033) 
health 0.335*** 0.168*** 0.173*** dental 0.504*** 0.255*** 0.248*** 
 (0.093) (0.049) (0.056)  (0.062) (0.031) (0.037) 
active 0.140*** 0.057** 0.085*** DBC 0.116** 0.033 0.083** 
 (0.052) (0.026) (0.032)  (0.057) (0.029) (0.035) 
partner 0.170*** 0.110*** 0.061 DBP 0.105** 0.023 0.081** 
 (0.063) (0.031) (0.038)  (0.053) (0.027) (0.032) 
income 0.005*** 0.002*** 0.003*** DCD -0.004 -0.003 0.001 
 (0.001) (3.8e-4) (4.9e-4)  (0.075) (0.038) (0.046) 
gender 1.270*** 0.588*** 0.693*** DHD -0.031 -0.019 -0.015 
 (0.084) (0.042) (0.050)  (0.069) (0.035) (0.042) 
education 0.752*** 0.351*** 0.398*** DD -0.133* -0.052 -0.081* 
 (0.041) (0.020) (0.025)  (0.073) (0.037) (0.044) 
working 0.041 0.014 0.030 DAD -0.187** -0.108** -0.078 
 (0.069) (0.035) (0.041)  (0.086) (0.042) (0.053) 
vaccinations 0.263 0.134 0.122 mobility 0.021 0.006 0.015 
 (0.286) (0.139) (0.171)  (0.017) (0.009) (0.010) 
blood 
pressure 
-0.489 0.221 -0.681 ADL -0.008 -0.021 0.012 
 (2.043) (0.806) (1.449)  (0.052) (0.027) (0.031) 
ch. activity 0.383*** 0.174*** 0.206*** IADL -0.341*** -0.182*** -0.161*** 
 (0.063) (0.031) (0.039)  (0.044) (0.025) (0.024) 
ch. diet 0.229*** 0.073** 0.152*** handgrip 0.031*** 0.016*** 0.015*** 
 (0.061) (0.030) (0.037)  (0.004) (0.002) (0.002) 
smoking 0.242*** 0.087*** 0.155***     
 (0.062) (0.031) (0.038)     
Observation
s 
15,105 15,105 15,105     
Number of 
id 
9,404 9,404 9,404     
Notes: This table reports the coefficients of three linear random effects models for three different measures of cognitive 
abilities. For space reasons, results are reported in two columns. In Columns 1 and 1’, the dependent variable is the total 
number of words recalled (WR). In Columns 2 and 2’, we consider only the number of words instantaneously recalled 
(IR). Finally, in Columns 3 and 3’, we consider the delayed recall performance.  Robust standard errors in parentheses. 




Table 3: Physical Abilities  
 handgrip ADL IADL mobility  handgrip ADL IADL mobility 
 (1) (2) (3) (4)  (1’) (2’) (3’) (4’) 
Constant 42.100*** 5.317*** -0.709** 7.845*** smoking 0.208 -0.003 0.018 0.027 
 (3.861) (0.263) (0.318) (0.824)  (0.168) (0.011) (0.013) (0.033) 
chronic -0.536*** -0.062*** -0.089*** -0.389*** books 0.789*** -0.009 -0.011 0.075** 
 (0.047) (0.006) (0.007) (0.013)  (0.160) (0.012) (0.015) (0.036) 
age -0.370*** -0.007*** -0.013*** -0.037*** math 0.434*** -0.022* -0.004 0.006 
 (0.008) (0.001) (0.001) (0.002)  (0.159) (0.011) (0.013) (0.034) 
BMI 1.078*** 0.054*** 0.068*** 0.170*** language -0.186 0.017 0.009 0.076** 
 (0.167) (0.017) (0.019) (0.040)  (0.159) (0.011) (0.014) (0.034) 
BMI sq. -0.015*** -0.001*** -0.001*** -0.004*** parents smoke 0.362** 0.002 -0.014 -0.018 
 (0.003) (3.1e-4) (3.4e-4) (0.001)  (0.142) (0.010) (0.013) (0.031) 
drinks 0.011 4.2e-4 0.001* 0.005*** parents drink -0.405* -0.033 -0.062** -0.181*** 
 (0.008) (3.5e-4) (0.001) (0.002)  (0.242) (0.021) (0.027) (0.057) 
health 1.844*** 0.451*** 0.473*** 1.712*** ruralarea 1.036*** -0.003 -0.042*** -0.016 
 (0.228) (0.036) (0.039) (0.075)  (0.139) (0.011) (0.013) (0.031) 
active 1.290*** 0.087*** 0.153*** 0.572*** dental 0.978*** -0.001 0.014 0.148*** 
 (0.115) (0.008) (0.010) (0.029)  (0.158) (0.012) (0.014) (0.036) 
partner 0.077 0.011 0.062*** 0.066* DBC 0.918*** 0.072*** 0.109*** 0.327*** 
 (0.148) (0.013) (0.016) (0.037)  (0.136) (0.013) (0.016) (0.035) 
income 0.002 -3.5e-4** -2.2e-4 0.001 DBP 0.479*** 0.064*** 0.091*** 0.203*** 
 (0.002) (1.6e-4) (1.8e-4) (4.5e-4)  (0.132) (0.012) (0.014) (0.032) 
gender -15.743*** -0.009 -0.080*** -0.513*** DCD -0.034 -0.033 -0.071** -0.193*** 
 (0.160) (0.012) (0.014) (0.033)  (0.169) (0.022) (0.028) (0.053) 
education 0.260** -0.008 -0.006 0.025 DHD -0.063 -0.004 -0.005 -0.202*** 
 (0.103) (0.007) (0.008) (0.022)  (0.159) (0.020) (0.024) (0.049) 
working 1.097*** 0.017 0.038** 0.286*** DD -0.431** 0.034* 0.085*** 0.242*** 
 (0.167) (0.014) (0.018) (0.041)  (0.178) (0.019) (0.022) (0.048) 
vaccinations -0.094 -0.014 -0.009 0.213 DAD -1.109*** -0.087*** -0.201*** -0.379*** 
 (0.677) (0.060) (0.090) (0.167)  (0.207) (0.029) (0.034) (0.062) 
blood pressure 0.690 -0.084* -0.206* -0.532 IR 0.218*** 0.008** 0.032*** 0.027** 
 (3.024) (0.045) (0.123) (0.573)  (0.046) (0.004) (0.006) (0.011) 
ch. activity 0.744*** 0.026*** 0.021* 0.145*** DR 0.104*** 0.010*** 0.013*** 0.029*** 
 (0.160) (0.010) (0.012) (0.033)  (0.038) (0.003) (0.004) (0.009) 
ch. diet -0.445*** -0.014 -0.006 -0.091***      
 (0.157) (0.012) (0.014) (0.035)      
Observations 15,105 15,105 15,105 15,105      
Number of id 9,404 9,404 9,404 9,404      
Notes: This table reports the coefficients of three linear random effects models for three different measures of physical abilities. For space 
reasons, results are reported in two columns. In Columns 1 and 1’, the dependent variable is the handgrip strength. In Columns 2 and 2’, we 
consider the number of Activities of  aily Living (A L) that an individual can perform alone. Columns 3 and 3’ present the results for the 
number of Instrumental Activities of Daily Living (IADL) that an individual can perform alone. Finally, in Columns 4 and 4’, we use the 







Table 4: Sum of Squared Errors 
 WR IR DR ADL IADL mobility handgrip 
REEM (five levels) 130011 32802 47237 4541 6539 41450 754782 
REEM (whole) 125035 31624 45729 4507 6267 38569 697768 
RE (with n. vars) 127028 32631 47213 4696 7119 41769 765147 
RE 125528 31860 46166 4611 6963 39223 732413 
Number of variables 
for five levels. 
12 10 8 4 10 6 8 













• Predisposing: Socio-demographic (marital 
status, education, employment, ethnicity); 
Biological (age, gender, BMI); Health 
status; Beliefs on health and health care; 
Lifestyles; Early-life conditions. 
• Enabling: Socio-economic (income, 
assets, health and LTC insurance, social 
involvement); Availability of formal and 
informal care; Accessibility to services 
(urban-rural residence, waiting times). 
Environmental determinants  
 
• Soci et a l d et er m i n a n t s 
(Technology, Norms, Networks) 





• P h y s i c a l 
i m p a i r m e n t 
(dependency in 
basic ADLs) 
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Yes No ≤ 3 > 3
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≤ 2 > 2 Yes No
Yes
≤ 2 > 2
F M
≤72 >72
Yes No≤ 3 >3
No Yes
No Yes No Yes
≤ 2 > 2
≤ 1
> 1 ≤ 2 > 2 No Yes
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Others E,G,P ≤ 3 > 3M F
≤ 78 > 78
≤ 1 >1 ≤ 1 > 1 ≤ 68 > 68
